Abstract
Introduction
Dynamic Contrast-Enhanced MRI (DCE-MRI) is a technique that can be applied to assess properties of the micro-vascularization in organs such as the liver, breast, and kidney [1] [2] . Pharmacokinetic (PK) modeling in the liver is more challenging than in the rest of the body since the liver has two vascular inputs: the hepatic artery and the portal vein. Furthermore, contrary to standard Gd-based contrast media, the hepatobiliary contrast agent Gadoxetate disodium (Primovist TM , Bayer pharmaceutical) is also taken up by the hepatocytes. As such an additional compartment should be taken into account in a pharmacokinetic model. Finally, the uptake rate of the hepatocytes is low and for this reason DCE-MRI may take up to 20 minutes or more [1] . During image acquisition the liver can experience large deformations and displacements, which may significantly influence the signal intensity (e.g. due to B1-inhomogeneity). These issues result in the fact that accurate pharmacokinetic modeling in the liver is far from trivial.
Related work
Quantitative analysis of liver function with MRI using Gd-EOB-DTPA in rabbits was first proposed by Ryeom et al. [3] in 2004. Using a deconvolution technique, the estimated hepatic extraction fraction (HEF) showed correlation with liver function measured through the plasma's retention rate after indocyane green injection. Subsequently, Nilsson et al. [4] applied the same liver model to humans with a more efficient deconvolution technique called truncated singular value decomposition (TSVD). However, this deconvolution approach regarded the hepatic artery as the sole input, and ignored the portal vein. A dual-input one-compartmental model was already proposed in 2002, but this model focused on extracellular contrast agents such as Gd-DTPA (Magnevist, Bayer Schering Pharma, Berlin, Germany) [5] . By adding an intracellular compartment, Sourbron et al. [2] created a dual-input, two-compartmental model that accounted for Gd-EOB-DTPA metabolization by the hepatic cells in 2012. A limitation of Sourbron's model is that it ignores the extraction rate of hepatocytes, i.e. the efflux to the bile canaliculi. To solve this, Ulloa et al. [6] and Forsgren et al. [7] modeled the transport of the contrast agent from the hepatocytes to the bile via nonlinear Michaelis-Menten kinetics in rats and humans respectively. Georgiou et al. [8] tried to simplify the efflux transport by a simple linear approximation. Recently, Ning et al. [9] correlated pharmacokinetic parameters estimated from different models with a blood chemistry test. It was found that the relative liver uptake rate estimated from the model without bile efflux transport significantly correlated with direct bilirubin (r = -0.52, p = 0.015), prealbumin (r = 0.58, p = 0.015) and prothrombin time (r = -0.51, p = 0.026). Furthermore, only insignificant correlations were found using the model with efflux transport. Accordingly, our work regards Sourbron's model [2] as the starting point, i.e. opting for a model without bile efflux transport.
The Arterial Input Function (AIF) represents the time-dependent arterial contrast agent concentration, that is typically used in pharmacokinetic modelling of dynamic imaging data. Population-averaged parametrized models (e.g. (Orton, Parker) have been used as such. The AIF model described by Orton et al. [10] parametrizes the AIF as a sum of two functions, one describing the first passage of the bolus peak, and the other representing the wash-out of CA in the tail of the AIF. Alternatively, Parker's model [11] can describe the second pass (recirculation) of the contrast agent. However, the latter feature may not always be visible in the MRI data, e.g. due to low temporal resolution (see e.g. [12] ).
In Sourbron's approach, the delay of the arterial input is empirically determined by the best model fit over a discrete set of values. This might limit the accuracy of the PKM parameter estimation and could restrict its applicability. Furthermore, the method does not take the effects of liver motion on the signal intensity into account. Such motion not only causes misalignment, which should be compensated for using image registration, but it may also induce other signal fluctuation, due to motion-induced time-varying B1-inhomogeneity caused by the movement of the bowel in the field of view [13] .
Previously, several papers investigated the influence of B1-inhomogeneity on pharmacokinetic modeling. For example, Park et al. [14] and Sengupta et al [15] conducted a simulation and an experimental study respectively showing that a small degree of B1-inhomogeneity can cause a significant error in the estimated PKM parameters. Gach et al. [16] corrected the B1 inhomogeneity by performing a 3D GRE sequence with various flip angles (2-30˚) in phantoms to obtain standards for normalizing the 3D GRE DCE MR images. Alternatively, Van Schie et al. [17] combined variable flip angle (VFA) and Look-Locker (LL) sequences to obtain a B1-inhomogeneity map for DCE imaging. Such a B1-map may also be obtained by means of the DREAM sequence [18] . Essentially, all these methods attempt to correct the B1-inhomogeneity based on auxiliary sequences. However, this not only makes the imaging even more time-consuming, it conventionally yields static B1-maps whereas fluctuations due to motion remain hard to account for.
Objective
In this paper we aim to improve pharmacokinetic modeling of liver DCE MRI data. Therefore, two novelties are introduced in the PK modeling. First, the arterial input function proposed by Orton is integrated into Sourbron's PK model. This enables that the arrival times of contrast from the portal vein and the hepatic artery are separately included in the model and estimated simultaneously with the PK model parameters. Secondly, the deformation and displacement of the liver is estimated and used to correct for changes in signal intensity such as the ones caused by B1-inhomogeneities.The effectiveness of the new model will be assessed by several experiments.
Materials and methods

Data acquisition
Patients diagnosed with one or more liver lesions and who were scheduled for 99m Tc-mebrofenin HBS as part of the preoperative workup were included in this prospective pilot study. Patients with general contraindications for MRI, chronic renal insufficiency, known or family history of congenital prolonged QT-syndrome, current use of cardiac repolarization time prolonging drugs (such as class 3 anti-arrhythmic drugs), history of arrhythmia after the use of cardiac repolarization time prolonging drugs and history of allergic reaction to gadoliniumcontaining compounds were excluded from participation. 11 subjects were included for this research project. Subjects' characteristics can be seen in Table 1 . In addition, dual refocusing echo acquisition mode (DREAM) images [18] were acquired to quantify the extent of the B1-inhomogeneity before the DCE sequence was acquired. The acquisition parameter settings were matrix size = 64×64×30, voxel size = 8.28×8.28×8.80 mm 3 , nominal STEAM flip-angle α = 60˚, nominal imaging flip-angleβ = 10˚, TE STE = 1.06 ms, TE FID = 2.30 ms, TR = 3.84 ms. Essentially, the DREAM sequence produces a map in which the value of every voxel represents the ratio between the real flip-angle and the programmed flip-angle. We will refer to it as the 'zeta' map.
Image registration and liver segmentation
Image registration is required to achieve spatial correspondence between voxels of the DCE-MRI data prior to PK modeling. In this work, each 4D DCE-MR dynamic is registered to the last dynamic volume. In order to do so, we apply the Modality Independent Neighborhood Descriptor (MIND) method [19] , which is a state-of-the-art technique for multi-modal image registration. Essentially, it relies on a patch-based descriptor of the structure in a local neighborhood
in which I is an image, r an offset in neighborhood P of size R×R×R around position x and n a normalization constant; D p is the distance between two image patches, measured by the sum of squared differences (SSD):
where V(I, x) is the mean of the patch distances in a small neighborhood N VðI; xÞ ¼ 1 numðNÞ
The MIND registration can be described as
jMINDðI; x; rÞ À MINDðJ; x; rÞj
where u = (u, v, w) is the deformation field and α a coefficient that weighs a regularization term. Thus, the MIND registration method produces a 3D voxelwise, regularized deformation field. In this paper we follow the default setup from [19] : R = 3, N = N 6 i.e. a six-connected neighborhood, patch size D = 3, and the regularization coefficient α = 0.1. Furthermore, we segment the liver, defining our region of interest. As we apply a liver-specific contrast agent, the surrounding organs show less signal enhancement than the liver.
Maximal image contrast is achieved by subtracting the first dynamic of the series from the last, after registration. Subsequently, the liver is segmented based on the resulting "contrast" volume by means of a level set approach, which takes boundary as well as region information into consideration [20] . More implementation details can be found in [21] . We refrained from performing the segmentation in an anatomical scan, which indeed has higher resolution, but inferior contrast compared to the DCE MRI difference image.
The obtained mask coarsely segments the liver across the registered DCE series. Simultaneously, inverting the registration transformations and applying them to the liver mask yield liver segmentations in each original dynamic, the transformations were performed as shown in Fig 1. Finally, we subtract from each deformation field the deformation field resulting from the registration of the first image to the last one. We do this merely for practical reasons, so that all deformation fields are relative to the first image in the series.
The liver's mean relative displacement in a dynamic volume with respect to the first image is estimated as the distance between the liver mask's center of mass and the deformed liver mask's center of mass (in 3D), see In the section Varying effective flip-angle compensation we will show how the liver displacements can be used to compensate for these intensity offsets.
In the following, the x-axis of the data corresponds to the anterior-posterior direction, the y-axis to the left-right direction and the z-axis to the superior-inferior direction, as show in 
Input function models
An arterial input function (AIF) represents the time-dependent arterial contrast agent (CA) concentration, that is used in PK modeling of dynamic imaging data. The AIF is often computed directly from the signal measured in an artery close to the tissue of interest. The liver, however, has two inputs: the hepatic artery's AIF and the portal vein's venous input function (VIF).
We assume that the profile of both input functions follows a slightly modified input function model described by Orton et al. [10] . This model parametrizes an input function as a sum of two functions, one describing the first passage of the bolus peak, and the other describing the wash-out of CA in the tail of the input function [22] .
The bolus peak C B (t) is described by:
with u(t) the unit step function. This function has been modified slightly with respect to the one described by Orton et al., such that the area under the curve of C B (t) is given by the parameter a B , while μ B only affects the decay rate. The tail of the AIF and VIF is expressed as a convolution between the bolus peak and a body transfer function G(t), which is modeled as
In which a G determines the starting level of this decay function and μ G governs the decay rate, which may reflect kidney functioning [10] . Thus, the complete input function is given by:
with
can be used to represent either the AIF or the VIF. The liver's AIF and VIF were estimated by semi-automatically segmenting a homogeneous region in the aorta and the portal vein, respectively [21] . The aorta and portal vein were segmented much in the same way as we performed the liver segmentation. Specifically, they were segmentedfrom volumes obtained by subtracting the first volume from the one in which maximal signal was measured in the aorta and portal vein, respectively. This was measurement was made in small, manually indicationed regions of interest in the aorta and portal vein.Subsequently, a level set segmentation algorithm [20] was applied to segment these structures.volumes. Finally, the resulting segmentations were eroded by 3x3 kernel, to remove partial volume voxels.
Subsequently, the top three of the most enhancing time intensity curves of the voxels in both regions were separately averaged and converted into time concentration curves (TCC) assuming a nonlinear relationship between signal intensity and concentration of contrast agent [23] . Finally, the input function parameters were estimated by fitting Orton's model to these data. These fits yield different parameters for AIF and VIF.
An advantage of our approach is that noise on the input function is suppressed, because a smooth, parameterized representation is fit to the data. However, not all features contained in the original data may be represented, especially a second pass of the bolus peak, which is not contained in Orton's model. We considered this limitation acceptable as, we could not visually identify a second peak corresponding to a second bolus pass in the hepatic artery let alone in the portal vein for any data set.
Furthermore, the parameterized input functions can be analytically integrated in our PK model (see below). As such, it allows for a continuous estimate of the time delay with which the AIF and VIF arrive in a voxel under investigation.
Sourbron's model
Sourbron et al. [2] developed a dual-inlet, two-compartment uptake model that was especially designed for the intracellular hepatobiliary contrast agent Primovist. The diagram in Fig 3 illustrates the model. The arterial input function C A and venous input function C V are the dual inlets representing the contrast agent concentration in the blood plasma supplied to the liver by the hepatic artery and the portal vein, respectively. T A and T V represent time delays and F A and F V are constants representing the volume transfer rates from the plasma compartments into the extravascular, extracellular space. Furthermore, the gray rectangle denotes liver tissue, the left circle represents the extravascular extracellular compartment and the right circle stands for the extravascular intracellular compartment, i.e. corresponding to the hepatocytes. As such, V E is the extravascular extracellular volume and K I represents the uptake rate of the hepatocytes represented by a volume V I .
The analytical solution of Sourbron's model yielding the total contrast agent concentration C T in a voxel is
where
A derivation of this expression can be found in S1 Appendix.
The combined Orton-Sourbron (COS) model
Since vascular input functions are the front-ends of Sourbron's liver model, a comprehensive model can be derived by inserting Eq (7) into Eq (8). This leads for the contrast agent concentration in a voxel C T,I due to either AIF or VIF (i.e I2{A,V} to:
in which Orton's model parameters (μ B ,μ G ) are particular for either AIF or VIF; T I refers to the time delay associated with the particular input function. A derivation of this expression can be found in S2 Appendix. The final model is expressed as the sum of contributions from AIF and VIF:
in which C T , as before, models the total contrast agent concentration in a voxel.
Practically, we set the time delay of the portal vein (T V ) to zero (as in [2] ) since it is smaller than the temporal resolution of our data (2.2 s). We do estimate the time delay of the arterial input function (T A ), which is larger as it is measured in the aorta, i.e. further away from the liver.
Varying effective flip-angle compensation
We hypothesize that this signal variation can be modeled as a deviation in the locally applied flip-angle. In general, the signal intensity in a voxel emanating from a gradient echo sequence, neglecting T � 2 decay, and assuming the spins are in the steady state, is given by:
where N(H) is the local proton density multiplied by an arbitrary factor (the scaling factor used by the scanner), T 1 the spin-lattice relaxation time, α the flip-angle and TR the repetition time.
Furthermore, the Relative Signal Intensity (RSI) in a voxel while the contrast agent is flowing in can be expressed as:
in which α 0 is the presumed flip-angle in the voxel prior to contrast administration) (we assume 15˚, i.e. the flip angle as per scan protocol); T 10 the spin-lattice relaxation time before contrast arrives, T 1 the actual spin-lattice relaxation time and α the actually perceived flipangle during the dynamic scan, modeling the effect of a deviating flip angle. The contrast agent concentration C T can be expressed as a function of α, T 1 and the RSI as (see S3 Appendix):
with R the relaxivity of the applied contrast agent (for Gd-EOB-DTPA at 3T, R = 7 s
Consequently, the error in the calculated contrast agent concentration due to deviating flipangle (e.g. caused by B1-inhomogeneity) is:
The intrinsic T 1 value of the liver prior to contrast injection is around 800 ms [25] , while we estimate that the effective T 1 can be as small as 300 ms after contrast injection. . Essentially, the graph demonstrates that the error in C T is non-linearly dependent on T 1 for any given deviation in flip-angle. However, normalizing through division by RSI(α, T 1 ) yields profiles that are independent of T 1 for every flip-angle deviation, see Fig 4(B) . Furthermore, the distance between the profiles reflects that there is an approximately linear relation between ΔC T and the applied flip-angle.
We model the contrast agent concentration in a voxel as:
ðtÞ ¼ C T ðtÞ þ ½aRSIðtÞ bRSIðtÞ gRSIðtÞ�½DuðtÞ DvðtÞ DwðtÞ�
in which C' T (t) is the measured, uncorrected contrast agent concentration in a voxel; C T (t) is the combined Orton-Sourbron (COS) model, see Eq (10); α, β and γ are proportionality constants that need to be estimated and RSI(t) is the relative signal intensity with respect to the one in the pre-contrast stage, i.e. S(α, T 1-post )/S(α, T 1-pre ). [Δu(t) Δv(t) Δw(t)] is the estimated displacement of the considered voxel in the dynamic at time t, relative to the last dynamic. This estimated displacement is taken from the deformation field emanating from the registration of the dynamic at time t to the last dynamic. As such a linear relation was fit between the displacement of liver and the modeled deviation contrast agent concentration as a first order approximation. Thus, by fitting Eq (15) to the concentration curves we have not only parameterized the arrival time in Sourbron's model (through the COS approach), but also included an implicit varying flip-angle correction (FLAC). Henceforth, we will refer to this as our COS-FLAC approach.
Experimental setup
Assessment of registration performance. The correctness of each registration was first visually checked. Furthermore, synthetic MR images were generated by artificially deforming the last image of the DCE series, i.e. the fixed images of our registration procedure, and then registering the deformed images back to the originals. The artificial deformations were generated by randomly selecting 10 estimated deformations fields from the DCE series. As such, the ground truth is known (the originals), enabling to calculate the mean target registration error (mtre) for each point in the liver. We did so since it appeared not feasible to reliably identify landmarks in these data. This was due to the low resolution of the data and absence of highly characteristic points around the liver in our data.
Comparison between Sourbron's model and the COS model. We first ran a numerical experiment to compare the accuracy and time efficiency of Sourbron's original approach and the proposed COS technique. Essentially, synthetic data was generated in two steps: a parameter estimation step and a data generation step.
In the parameter estimation step the input function parameters (of AIF and VIF) were first obtained by fitting Orton's model in a small region of interest in the aorta respectively the portal vein in each patient. Subsequently, the PKM parameters were estimated for both the reference approach (Sourbron's) and the proposed method in each liver voxel. Then, the PKM parameters of the two methods were averaged (to be unbiased) and this average was taken as the ground truth.
As such, known input function parameters were obtained from each patient as well as known PKM parameters from each liver voxel.
Subsequently, in the data generation step synthetic data was generated by (1) creating ground truth input functions from the estimated Orton's model parameters (of AIF and VIF) and adding noise; (2) generating tissue TCC's from the ground truth PKM parameters and adding noise. The standard deviation of the added noise on the input functions equaled the root mean square error (RMSE) of Orton's model fit; it was set to the average RMSE of the reference and proposed model fits for the TCC's.
Thus, a wide variety of artificial, noisy time intensity curves could be generated (for each liver voxel one such curve). Please note that the synthetic data was generated by averaging the PKM parameters of reference and proposed method exactly to avoid a bias to either approach.
Finally, we fitted both PK models to the noisy synthetic data and compared the estimated PK model parameters with the ground truth. The nonlinear least-squares fitting routine lsqcurvefit in MATLAB (version R2015b; Mathworks, Natick, USA) was used to perform the model fits; 19 cores were adopted for parallel computing on a HPC equipped with two Intel(R) Xeon (R) CPU E5-2698 v4 clocked at 2.20GHz and 256GB RAM memory.
Relation between displacement and programmed flip-angle deviations. Eq (15) assumed that a difference from the true contrast agent is linearly related to the displacement of a liver voxel. Furthermore, the difference (ΔC T ) was modeled to linearly relate to the deviation from the programmed flip-angle (Fig 4) .
To assess the validity of this, the zeta-map from the DREAM sequence, representing the deviation from the programmed flip angle, was geometrically aligned to the first dynamic. Observe that the displacement of a liver voxel in any DCE image is given by the registration transformation that is relative to the first dynamic. Subsequently, the difference in zeta value over the displacement vector (Δzeta) was correlated to the displacement across all dynamics. The strength of the correlation was assessed by Spearman correlation coefficient and the significance of the correlation was determined.
The COS-FLAC model with and without RSI weighting. Models of increasing complexity, from the COS-model up to the COS-FLAC model with RSI weighting, were fit to the data of the 11 subjects described in Section Varying effective flip-angle compensation. The root mean square error (RMSE) of the residual that remains after fitting the COS and the COS-FLAC models to the signal were determined in order to quantitatively assess the performance. However, increasing degrees of freedom by adding parameters to a model generally leads to decreased smaller RMSE of the fit residual. To evaluate whether the added parameters truly contributed to a better fit, three model-selection criteria were applied: Akaike's information criterion (AIC) [26] , the Bayesian information criterion (BIC) [27] , and Information Complexity (ICOMP) [28] .
Results
Assessment of registration performance
A typical example of illustrating the performance of the registration algorithm is contained in Fig 5. Furthermore, we found that the mtre across the selected deformation fields and patients was 1.3269 mm with a standard deviation of 0.6905 mm. The unregistered data yielded an mtre of 8.0234 mm with a standard deviation of 7.4431 mm. As such, these quantitative results confirm the accurate performance of the image registration based on the visual assessment.
Fitting results of input function models
Orton's model is a general model to describe an organ's AIF. For reference, the fitting parameters of Orton's model as well as two measures of the goodness of the fit for both AIF and VIF in each patient is contained in the S4 Appendix. Table 2 shows the mean difference between the ground truth and estimated PK model parameters (as well as corresponding standard deviations) for Sourbron's model and the COS model. It shows that the COS model achieved smaller mean difference and standard deviation on four PK model parameters out of five. Additionally, the COS model was fitted more than 7 times faster than Sourbron's model due to the analytical representation of AIF and VIF. Table 3 collates the mean correlation coefficients averaged over all liver voxels for each patient. Additionally, the mean p-values (and associated standard deviations) of the correlations are given. The p-values are corrected via the Benjamini-Hochberg procedure [29] for multiple testing, The false discovery rate used for Benjamini-Hochberg correction in our paper is 0.05. The mean adjusted p-values demonstrate that the correlations are highly significant. Furthermore, the correlation coefficients indicated a moderate to strong linear relationship [30] . The moderate to strong correlation and the significance of the correlations are indications that the assumption is appropriate.
Comparison between Sourbron's model and the COS model
Relation between displacement and programmed flip-angle deviations
The COS-FLAC model with and without RSI weighting
The signal intensity in the liver of one patient was already shown in Fig 2(C). Fig 6 illustrates how models (red) of increasing complexity, from COS up to the COS-FLAC model with RSI weighting, fit to the concentration curve (blue) from an exemplary voxel. Insets show zoomins of the initial part of the graphs, containing most of the breath holds. In Fig 6(A) merely the combined Orton-Sourbron (COS) model was fitted. The model does not fit the strong fluctuations of the first part of the concentration curve. In Fig 6(B) , we fitted the COS model with varying flip-angle correction (FLAC) model but without the RSI weighting term. Clearly, an improved fitting result was achieved compared with Fig 6(A) . However, some parts of the concentration curve are slightly off, see the yellow arrows in Fig 6(B) . Fig 6(C) shows that the full COS-FLAC model including the RSI weighting term achieved an even better fit. For reference, Fig 6(D) shows the mere concentration part C T from Eq (14) taken from the fit in Fig 6(C) . The mean RMSEs of fitting in all 11 patients is collated in Table 4 . It shows that the COS--FLAC model with RSI weighting term achieved the lowest RMSE, which is significantly better than the COS model and the COS-FLAC model without RSI weighting term (p <0.001, assessed by paired t-tests, and corrected via the Benjamini-Hochberg procedure [29] for multiple testing). Henceforth the, COS-FLAC model refers to the model including the RSI weighting term. Table 5 shows the scores that PK models get according to three model selection criteria as well as the percentage of voxels in which these criteria favored the COS-FLAC model over the mere COS approach. The proposed COS-FLAC technique was considered to yield a better fit in the majority of voxels across all subjects according to all three model-selection methods (p <0.001, assessed by paired t-tests). Previously, Sourbron et al [2] , Chandarana et al [31] and Simeth et al [32] reported on liver uptake rates based on their respective PK models, see Table 6 . Our results are a little bit higher than those in previous studies but are still in the same order.
Discussion
In this paper, we proposed an improved pharmacokinetic model for DCE-MRI of the liver. The novelties of our work comprise: (1) analytically modeling the arrival-time of the contrast agent in a voxel; (2) compensation for effects that can be modeled by allowing for a breathdependent B1-induced variation of the experienced flip-angle in each voxel.
The VIF and AIF might not be completely independent functions, which could introduce correlations in the parameter estimation. Clearly, they were measured in different arteries and we have observed different shapes in our data. For this reason, we modelled them independently.
Orton's model was adopted to represent the liver's input functions (hepatic artery and portal vein) and embed them into Sourbron's model. The combined Orton and Sourborn (COS) model was shown to enhance the fitting accuracy as well as the efficiency of the model fitting (see Table 2 ). The poorer performance of Sourbron's original approach is due to the discretized delay of the arterial input and determining the best model fit over a set of delay values.
A potentially deviating flip-angle was modeled to linearly relate to the displacement of a liver voxel with respect to the first image. We referred to the approach combining both novelties as the COS-FLAC model. The validity of our approach is supported by the moderate to strong linear correlation between displacement and deviation in flip angle. There are some weak correlations in part of the voxels in all cases. We observed that the voxels showing the weak correlation generally do not exhibit large displacements across the time series. In other words, these voxels do not move much. In these cases, the corresponding deviation in flip angles typically was also not large. As a result, the correlation between them is low. Observe that the low correlations in these voxels are not incompatible with our approach: a small displacement in these voxels will produce only a very small signal correction.
One may observe that the same, noisy AIF and VIF were at the basis of estimating the PKM parameters with the two methods. However, a crucial difference is in how the methods deal with arrival time. The errors in the arrival times indeed are small: see Table 2 . Simultaneously, larger errors in the other parameters can be observed for the reference method. We attribute this to the correlation with the arrival time. Indeed, with the arrival time constrained to the ground truth value, much smaller errors in the other parameters were observed (data not shown).
The COS-FLAC model was quantitatively assessed by the root mean square error (RMSE) of the residual that remains after fitting the model to the signal in every voxel of the liver. We found that the COS-FLAC model achieved significantly lower RMSE than the COS approach. Furthermore, three model complexity criteria showed that the COS-FLAC model One might argue that the COS approach would suffice in voxels in which there is no deviation in flip-angle. This might explain why, according to the model selection criteria, there are still some voxels in which this simpler model appears sufficient. At the same time, the large number of voxels in which the COS-FLAC approach is favored, emphasizes to our opinion its importance.
There are several limitations of our work. A first limitation is that the number of subjects is rather small. Clearly, evaluating the performance of the method on a larger number of subjects would be more convincing. Unfortunately, we are restricted to a small number of subjects as our work is part of a pilot study into the uptake rate of the contrast medium into liver cells.
A second limitation is the lack of a reference standard. Obtaining the true pharmacokinetic tissue parameters under realistic measurement circumstances is a highly complex, still unsolved issue. 
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